Radiotherapy for brain cancer inevitably results in irradiation of uninvolved brain. While it has been demonstrated that irradiation of the brain can result in cognitive deficits, dosevolume relationships are not well established. There is little work correlating a particular cognitive deficit with dose received by the region of the brain responsible for the specific cognitive function. One obstacle to such studies is that identification of brain anatomy is both labor intensive and dependent on the individual performing the segmentation. Automatic segmentation has the potential to be both efficient and consistent. Brains2 is a software package developed by the University of Iowa for MRI volumetric studies. It utilizes MR images, the Talairach atlas, and an artificial neural network (ANN) to segment brain images into substructures in a standardized manner. We have developed a software package, Brains2DICOM, that converts the regions of interest identified by Brains2 into a DICOM radiotherapy structure set. The structure set can be imported into a treatment planning system for dosimetry. We demonstrated the utility of Brains2DICOM using a test case, a 34-year-old man with diffuse astrocytoma treated with three-dimensional conformal radiotherapy. Brains2 successfully applied the Talairach atlas to identify the right and left frontal, parietal, temporal, occipital, subcortical, and cerebellum regions. Brains2 was not successful in applying the ANN to identify small structures, such as the hippocampus and caudate.
Introduction
Radiotherapy for brain cancer or cancer in close proximity to the brain, such as base of skull lesions, often results in irradiation of uninvolved brain. The cognitive complications of partial brain irradiation in three-dimensional (3D) conformal radiation therapy (RT) for low grade glioma (LGG) and other benign intracranial neoplasms (e.g., meningioma) are well documented. In a cross sectional, retrospective study by , the group receiving radiation therapy demonstrated significantly worse performance on an estimate of Wechsler adult intelligence scale (WAIS) (2) Performance IQ, Modified Benton Visual Retention (MBVR) (3, 4) first reproduction, and MBVR percentage forgotten. These findings remained significant after controlling for tumor grade, extent of resec- tion, tumor progression, and radiation therapy type (whole vs. partial brain). In another cross sectional study, Postma et al. (5) found that cerebral atrophy predicted performance on measures of graphomotor speed, information processing, and memory, whereas white matter changes predicted performance in attention, information processing, and memory in 21 patients with LGG, 20 of whom had also undergone RT. In a recently completed 6-year longitudinal study of patients with LGG who underwent RT (6), it was found that patients demonstrated a significant decline after year five on the Continuous Performance Test (7) and on four measures from the Biber Figure Learning Test (8) (total, post-interference retrieval, delayed recall, and retention after delay). Furthermore, when performance scores were standardized to z-scores, it was found that between 20% and 67% of the sample demonstrated impairment of at least one standard deviation, depending on the measure.
However, these studies make no attempt to control for dose inhomogeneity inherent to conformal RT. In fact, one primary consequence of non-uniform irradiation is that brain substructures, such as the frontal or temporal lobes, may receive significantly different doses depending on the location of the primary tumor. The effect of radiation on a specific cognitive function is expected to depend on the dose received by the region of the brain responsible for the function. However, extracting correlations between brain substructure dose and cognitive outcome is difficult because such studies require segmentation of the brain into substructures of interest. Manual substructure delineation presents two problems. First, for an adequate patient sample size, brain segmentation is prohibitively time consuming. Second, it is difficult to obtain consistent segmentation between individual investigators and by the same investigator over time (inter-and intra-observer variability). These problems are minimized by automated methods, which should be both efficient and consistent. We report on the use of Brains2, an atlas based semi-automated brain segmentation software package (9, 10), and the Digital Imaging and Communications in Medicine (DICOM) data exchange standard (11) to efficiently create brain substructures and import them into a commercial treatment planning system (TPS).
Methods and Materials
For any discussion of image guided identification of anatomic structures, there are several closely related terms that can be readily confused. Therefore, we will first define terminology for the following discussion. A volumetric image study is a series of two dimensional images (slices) obtained using a tomographic image modality, such as computed tomography (CT) or magnetic resonance imaging (MRI). A region of interest (ROI) is a three dimensional volume that represents an anatomic or functional structure. A contour is an irregular two-dimensional polygon that defines the intersection of an ROI with a plane, such as that defined by a two-dimensional image. Contours on a series of image slices can be used to represent an ROI. Segmentation is the process of identifying ROIs within a volumetric image study.
Automated segmentation of anatomy for radiation therapy dosimetry is a two step process. First, the structures of interest must be identified and rendered into ROIs using an automated methodology. Second, the contours representing the ROIs must be transferred to the TPS in a format compatible with the TPS. To perform the segmentation of the brain into ROIs, we used Brains2 (Brains is an acronym for Brain Research: Analysis of Images Networks and Systems), a software package designed by the University of Iowa for MRI volumetric research studies (10, 12). Brains2 utilizes three co-registered magnetic resonance (MR) image sequences to segment the brain images of a specific subject. To transfer the structure data to the TPS, we formatted the resulting ROIs into DICOM format (11) using software that we developed. The software was developed with MatLab (The Mathworks, Natick, MA), a high level programming language designed for technical computing. The TPS used in the present work was Eclipse (Varian Medical Systems, Milpitas, CA). It is important to note that the reported work is not TPS specific, but is applicable to any TPS capable of reading DICOM RT structure set media files.
To obtain the MR image sequences for Brains2, we used a method based on a tri-modal acquisition comprised of T1, T2, and proton density (PD) imaging sequences that renders grey-white tissue classification for purposes of structural volumetric measurement (13). Details of the specific MR image sequence(s) used are provided elsewhere (14, 15) . However, for purposes of defining anatomical ROIs, a single three-dimensional T1 image sequence can be applied with adequate results.
Brains2 uses the Talairach coordinate system as a standard for orientation and alignment of the brain (16). The Talairach coordinate system, illustrated in Figure 1 , is a common spatial reference that was developed for comparison of multiple subjects. The Talairach atlas is based on the anatomy of a single individual, a 78-year-old French woman. As a consequence, the atlas is appropriate only for relatively large brain structures for which individual variations are negligible. Despite its simplicity and limitation to large structures, the atlas has been successfully applied in neuroimaging research (10, 12, 14) . The Talairach coordinate system is comprised of a three dimensional grid of cells based on the maximal dimensions of the brain, which are established by the following landmarks: Brains2 establishes the coordinate system by aligning the MR images of a particular patient along the anterior commisure-posterior commisure (AC-PC) line and warping the Talairach grid onto a subject's image data set such that the defined anatomic landmarks are located at specified locations in the coordinate system. As shown in Figure 1 , the Talairach atlas divides the brain into eight cells superior and four cells inferior of the AC-PC line, four cells left and right of the midplane, and four cells anterior of the VAC and posterior of the VPC. The region between the VAC and VPC lines is divided into thirds. Brains2 has added two cells inferior of the AC-PC line to incorporate the cerebellum, which was not included in the original Talairach atlas, for a total of six cells inferior to the AC-PC line (10, 12).
Once images are aligned and the Talairach coordinate system warped onto the image dataset, a basic set of ROIs based on the Talairach atlas are available for automated definition in Brains2. The Talairach atlas specifies the location of brain structures by identifying the cells in the Talairach coordinate system that comprise a given structure. Brains2 contains six validated structures, as well as division of bilateral structures into the right and left components (10), which allows for automated rendering of frontal, temporal, parietal, and occipital lobes, as well as the subcortical regions and cerebellum. Definition of ROIs is comprised by selection of cells based on the Talairach system. Although the Talairach system has been criticized for its lack of precision (17), use of other volumetric tools available in the Brains2 system can increase precision.
In our example, we used an artificial neural network (ANN) application available in Brains2 to define from the tissueclassified segmentation image an ROI that includes all brain tissue (including surface CSF and subarachnoid space) and excludes dura and non-parenchymal tissue (18). This whole brain ROI can then be used to create a precise outer boundary of the brain surface for the Talairach ROIs and exclude nonbrain tissues that would also receive cranial irradiation but are of less concern for radiation induced changes in cognition. Tissue classification methods, although not necessary for defining Talairach-based ROIs in Brains2, are necessary for ROI delineation using ANNs. The tissue classification procedure used in Brains2 has been described in detail elsewhere (13).
To extract volume-rendered anatomy from Brains2, the ROIs were transformed from the Talairach coordinate system into the original MR image coordinate system using a scripted procedure available in Brains2. This was accomplished by inverting the Brains2 transformation that was used to convert the MR images into the Talairach coordinate system and then applying the inverted transform to the Brains2 ROI. The results are written to a file, which is then capable of being imported into the TPS using software that we developed, as described below.
The segmented brain anatomy was transferred to the treatment planning system using the Digital Imaging and Communications in Medicine (DICOM) standard (11). DICOM describes volumes within a patient that are of interest for radiation treatment planning using an entity refered to as an RT structure set. To convert the structures created by Brains2 to a DICOM RT structure set, we developed software using MatLab. Our software, Brains2DICOM, comprises four tasks: reading the Brains2 region of interest (ROI) files, reading the associated MR image series attributes, creating the RT structure set attributes, and converting the attributes to a DICOM data set and writing the data set to a file.
The Brains2 ROI file, one of which is generated for each brain structure, is a simple text file comprised of a header and a series of contours, which are irregular polygons defining the ROI on specific MR image slices. Each contour is described by a series of polygon vertices, given as (x,y,z) triplets. Within a given contour, one of the triplet values is constant and is the coordinate of the corresponding MR image plane. We developed an interface to read the files and convert them into a MatLab data structure. Although the number of contours is explicitly stated in the ROI file header, the number of points in each contour is not. Each line following the header either describes the coordinates of a contour vertex or is an end-of-contour flag. As a consequence, the algorithm for reading the ROI file involves reading a single line at a time and inspecting it to determine if it is a valid point or an end-of-contour flag. The execution speed by MatLab of this type of sequential operation is suboptimal. Therefore, the interface to load Brains2 ROI files into Mat-Lab was written in C to improve execution speed.
In order to associate the RT structure set with the corresponding MR image set, Brains2DICOM requires attributes (metadata) from the MR image set. The MatLab image processing toolbox provides the capability to read DICOM MR image files, and thus to obtain the necessary information. The data from the Brains2 ROI files and the MR image series was combined to create the RT structure set. Because MatLab does not provide the capability to encode an RT structure set and write it to a DICOM file, we modified existing low-level routines and created a set of high level routines to write the RT structure set.
A flowchart of the complete process is shown in Figure 2 . We tested the method using a patient previously treated in our clinic. The test case was a 34-year-old man with diffuse astrocytoma (WHO grade II) treated with a three-dimensional conformal radiotherapy technique using five non-coplanar fields. The prescription dose was 45 Gy in 25 fractions (1.8 Gy per fraction). The patient was contacted and asked to participate in this project. Following informed consent, the MR image sequences required by Brains2 were obtained. Brains2 was used to segment brain anatomy, and Brains2DICOM was used to convert the resulting ROIs to a DICOM RT structure set file. The MR images and the structure set were imported into our TPS (Eclipse, Varian Medical Systems, Milpitas, CA). The MR images were registered to the treatment planning CT using a rigid body transformation determined using anatomic landmark points. Following registration, the segmented brain anatomy was transferred to the treatment planning CT.
Results
Brains2 was used to identify all six validated structures; however, for clarity we present only four structures here: the frontal, temporal, parietal, and occipital lobes. MR images with overlaid contours and a 3-dimensional view are dis-played in Figure 3 . The ROI boundaries in the interior of the brain form right angles, which is a result of the atlas method. Voxels within the atlas are labeled as belonging to a particular structure, and so in three dimensions the structures appear as if built from blocks. The block structure is truncated by the brain boundary as derived from the artificial neural network application (18), which gives the ROI a smooth boundary at the exterior surface of the brain.
The MR images and the RT structure set were imported into the TPS and the images were registered with the treatment planning CT. The structures were then transferred to the CT. Dose volume histograms (DVHs) of the structures are shown in Figure 4 . The DVHs demonstrate that the dose distributions within the structures are considerably different.
Other methods are available in Brains2 for segmenting brain anatomy. These methods are particularly useful for identifying small structures, such as the hippocampus, for which small variations in individual anatomy can result in significant deviations from an atlas. One such method is an artificial neural network (ANN), which utilizes relative MR signal values between T1, T2, and intermediate weighted images to identify a particular voxel as belonging to a given structure (18). However, the Brains2 ANN was not successful segmenting subcortical structures in our dataset. While the failure of the ANN may have resulted from suboptimal image quality in our image set, another possibility is likely. The Brains2 ANN was trained using images obtained from healthy controls and schizophrenia patients (18). The test case had a large volume diffuse astrocytoma and had received radiation therapy. The disease and/or radiation may have produced changes significant enough to result in gross alterations of grey matter-white matter boundaries and structural landmarks, thus resulting in failure of the ANN. This observation emphasizes an important advantage of the atlasbased approach. Use of an atlas is not affected by disease or radiation induced changes in the image signal -all that is required is identification of anatomic landmarks by a trained user. However, an atlas method is affected by mechanical distortion of normal anatomy by disease (mass effect). It is possible to warp a brain atlas to account for the presence of large lesions (19) . Such techniques could be incorporated into Brains2 to correct the atlas in the presence of diseaseinduced displacement of normal anatomy. Further work is necessary to revise the ANN or to develop new methods for identification of small structures in the presence of disease and radiation induced changes.
Discussion
Brains2 combined with the DICOM standard provides an efficient method for incorporating standardized neuroanatomy into radiation treatment planning systems. This approach has two advantages over manual segmentation. First, it is efficient. The time required to segment atlas-based anatomy and to generate a DICOM RT structure set is approximately an hour, independent of the number of ROIs desired. Because most patients receiving radiotherapy to the brain require an MRI study for target definition, no additional imaging studies are required. Manual segmentation times can range from less than five minutes for small, easily recognized ROIs to more than 15 minutes for large structures. Consequently, several hours may be required to manually segment every ROI that is available in the atlas. The second advantage is that the present method provides standardized neuroanatomy that has been validated by previous studies (10, 12, 14) . This approach eliminates the problems of inter-and intra-observer variation, facilitating comparison of dosimetric data between patients treated by different physicians and institutions.
One of the fundamental goals of any cancer treatment is to maximize the probability of tumor control while minimizing the probability of normal tissue complications. Three dimensional conformal treatment techniques, such as intensity modulated radiation therapy (IMRT), are important tools in reduction of normal tissue toxicity. However, because these techniques produce non-homogeneous dose distributions within normal structures, it is difficult to assess the normal tissue complication probability of a given dose distribution. The relative merit of two plans which deliver the same dose of radiation to the target, but different dose distributions to normal structures is difficult to assess, especially when a small volume gets a large dose compared to a large volume receiving a more modest dose. A number of models have been proposed for assessment of NTCP. Lyman (20) has developed an empirical model that calculates NTCP based on four primary parameters: i) tolerance dose, which is typically defined as the dose at which 50% of patients develop a defined complication at five years; ii) the slope of the dose-response curve; iii) volume, which includes the reference volume (volume of the entire organ irradiated) and partial volume (actual organ volume irradiated divided by the reference volume); and iv) volume effect, a parameter that represents the consequences of whole versus partial volume irradiation. The Lyman model has been widely used for reporting normal tissue complication data. For instance, Eisbruch et al. (21) compared salivary flow rates and self-reported xerostomia ratings in patients with bilateral versus unilateral irradiation of the parotid glands for head and neck cancers. The results suggested that sparing of the contralateral parotid gland as well as the oral cavity improved both measured and self-reported xerostomia. This study has positively influenced radiation treatment planning for head and neck cancer in that it has reduced the probability of normal tissue complication, and in fact provides the primary justification for use of IMRT in most head and neck cancers. Meeks et al. (22) derived Lyman model parameters from brainstem dose-volume histograms obtained from patients who underwent stereotactic radiosurgery for acoustic neuroma. The model was fit on complication data from 50 patients, and then used to predict the probability of cranial neuropathies in their entire patient database. The NTCP model predicted complication probability to within 0.1% of the observed complication incidence in the entire patient population. This model provides the clinician with an excellent predictive utility in treatment planning.
A number of other NTCP models have been investigated (23-28), however, a factor common to all NTCP models is the need for clinical data on dose, volumes, and complications, which is required for determination of model parameters for a particular tissue and complication end-point.
Three dimensional conformal RT for LGG has been shown to significantly improve disease-free survival (29). However, recent studies have revealed certain cognitive risks to this treatment, as normal tissue is inevitably involved at some dose in even the most conformal treatment plan. Despite these studies, there has been no attempt as yet to develop models to help minimize this risk. If such models existed, treatment plans could be optimized to minimize cognitive risks. Therefore, these studies are of little value to the radiation oncologist in evaluating potential treatment plans for the individual patient considering RT for LGG or other head and neck neoplasms that might involve irradiation of eloquent neural tissue. Little is known about the relationships between radiation dose to specific cerebral volumes and subsequent cognitive outcomes. This is surprising given the potential effect of cognitive decline on overall quality of life within the context of only minimal demonstrated benefit of RT for LGG (i.e., significant benefit in disease-free survival with no benefit in overall survival) (29). Meeks et al. (22) suggest that the NTCP model "can be easily extended to include the calculation of complications for alternative sites or more detailed neuroanatomy and with more subtle endpoints, including neuropsychologic sequelae of central nervous system radiotherapy." Such a proposed project would necessarily involve the acquisition of dosimetric data from this "more detailed neuroanatomy." Unfortunately, a method for reliably and efficiently acquiring these data has been previously unavailable for reasons that we have outlined. The methodology described here facilitates the acquisition of such data. The automated segmentation routines presented here represent a starting point for standardized definitions of structures in radiation treatment planning. Future work to include more advanced neural networks will allow more precise and detailed substructure assessments, including structures that have been obscured by tumor or hydrocephalus.
Although we have used Brains2 for this work, there are other atlas-based neuroimaging software packages, such as the one described by Nowinski et al. (30) , that could be similarly incorporated into radiation treatment planning. DICOM provides a standardized format that is independent of treatment planning software to facilitate such incorporation.
Conclusion
We have presented a practical method for incorporation of brain anatomy segmented by Brains2 into a DICOM RT structure set suitable for import into a treatment planning system. The method is semi-automated, less time-consuming than manual contouring methods, and has been validated by prior structural volumetric studies (10, 12, 14) . Such a method has practical implications for incorporation of standard neuroanatomical data into treatment planning of conformal radiotherapy.
Furthermore, this method will facilitate the acquisition of data necessary for the development of NTCP models to assess the probability of cognitive complications secondary to radiotherapy for intracranial and head and neck neoplasms. We intend to utilize Brains2 and Brains2DICOM to develop a database that includes three dimensional dosimetry data and longitudinal cognitive complication data from which all variables necessary for NTCP model construction may be derived. This will significantly extend the prior work on cogni-tive consequences of radiation therapy, thereby providing the clinician with a greater ability to minimize cognitive complications and in turn maximize overall quality of life.
